Abstract-Noninvasive brain stimulation is one of very few potential therapies for medically refractory epilepsy. However, its efficacy remains suboptimal and its therapeutic value has not been consistently assessed. This is in part due to the nonoptimized spatio-temporal application of stimulation protocols for seizure prevention or arrest, and incomplete knowledge of the neurodynamics of seizure evolution. Through simulations, this study investigated electroencephalography (EEG)-guided, stochastic interference with aberrantly coordinated neuronal networks, to prevent seizure onset or interrupt a propagating partial seizure, and prevent it from spreading to large areas of the brain. Brain stimulation was modeled as additive white or band-limited noise, and simulations using real EEGs and data generated from a network of integrate-and-fire neuronal ensembles were used to quantify spatio-temporal noise effects. It was shown that additive stochastic signals (noise) may destructively interfere with network dynamics and decrease or abolish synchronization associated with progressively coupled networks. Furthermore, stimulation parameters, particularly amplitude and spatio-temporal application, may be optimized based on patient-specific neurodynamics estimated directly from noninvasive EEGs.
I. INTRODUCTION

B
RAIN stimulation, including noninvasive transcranial magnetic (TMS) or transcranial direct current stimulation (tDCS), and invasive vagus nerve or deep brain stimulation, has been proposed and/or applied for therapeutic purposes in medically refractory epilepsy [5] , [6] , [12] , [17] , [24] , [50] , [51] , [56] . More than 1% of the U.S. population suffers from some form of epilepsy, and almost one-third of patients have pharmacologically uncontrollable seizures.Neurostimulation is one of the very few potential therapies, but despite promising results on relatively small patient cohorts, it remains suboptimal and of limited efficacy. A few clinical studies have shown that repetitive TMS may arrest ongoing seizures [38] , [44] , Color versions of one or more of the figures in this paper are available online at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TNSRE.2012.2201173 [45] . Although optimization of invasive stimulation following implantation is limited to tuning its frequency and intensity, noninvasive stimulation allows both temporal and spatial optimization, since it can target any cortical area underlying the scalp location of application. Thus, spatio-temporal stimulation parameters may be selected based on patient-specific baseline and seizure-related neurodynamics, with the aim to prevent seizure occurrence or arrest ongoing seizures before they spread to large areas of the brain, causing disabling clinical symptoms. Consequently, noninvasive stimulation has the flexibility to be adapted to a patient's specific seizure characteristics and brain dynamics, via its integration with electrophysiological monitoring, such as scalp electroencephalography (EEG). The lack of optimized stimulation protocols may be due to two predominant factors: 1) the dynamics and heterogeneity of seizure evolution are not well understood, which in turn makes it difficult to identify an optimum stimulation time, frequency, location and neurodynamic target, and 2) the neuromodulatory effects of brain stimulation are not completely characterized, which makes it difficult to identify an optimum protocol that can target specific processes in the epileptic brain, e.g., increased excitability, reduced inhibition, or aberrant network synchronization [33] , [39] , [56] . A wide range of brain areas and the peripheral nervous system have been targeted for therapeutic stimulation in epilepsy, in both animal and human studies, with variable success. These studies are summarized in [1] . Targeted brain areas include the cerebellum, e.g., [11] - [13] , [32] , [53] , thalamic nuclei, e.g., [18] , [37] , the basal ganglia [4] , [15] , [59] , the hippocampus [6] , [49] , [57] , and the cortex, targeted both by invasive and noninvasive stimulation, e.g., TMS. A few TMS protocols, particularly low-frequency repetitive TMS, have been applied for therapeutic purposes in epilepsy with mixed results [9] , [19] , [50] . TMS may also be proconvulsant, e.g., [43] , which highlights the need for very careful optimization of its parameters for therapeutic purposes. A few animal and clinical studies have also proposed tDCS for seizure control [30] , [34] , [54] . Finally, vagal nerve stimulation is also promising [3] , [5] , [7] , [20] , [24] , [39] .
Several studies on noninvasive brain stimulation in epilepsy have targeted a specific mechanism of seizure evolution, e.g., aberrant neuronal excitation. However, with incomplete knowledge of the neuromodulatory effects of different stimulation protocols, it has proved to be very difficult to consistently suppress seizure-related activity. One potential mechanism of stimulation action that remains unexplored is modulation of neuronal noise. Stimulation may increase nonoscillatory, stochastic neural activity, which may in turn destructively interfere with aberrantly synchronized neuronal networks to reduce their coupling strength, and ultimately prevent further synchronization and seizure onset or propagation. In unrelated TMS-EEG studies in healthy adults, we have found that low-frequency single-pulse TMS, i.e., trains of single pulses delivered over primary motor cortex (M1) with an interpulse interval of 10 s, modulates stochastic neural activity in the brain (unpublished). Furthermore, a few previous studies have investigated the effect of TMS as a neuronal noise generator and signal suppressor [25] , [26] , [46] . Also, in a series of invasive studies, subacute and/or high-frequency stimulation has been shown to suppress local epileptogenesis and reduce seizure frequency [40] , [56] - [58] . However, to the best of our knowledge, interference of stimulation-induced noise with epileptic activity has not been consistently investigated.
This study investigated the role of responsive (EEG-guided), spatio-temporally specific noise, representing stimulation-induced stochastic activity during seizure evolution, using clinical scalp EEG data and simulations. The effects of additive white or band-limited noise, both prior to clinical onset and during early seizure propagation, were assessed. It was hypothesized that noninvasive, possibly subthreshold stimulation triggered by seizure-specific changes in the EEG, modulates/increases stochastic neural activity, which destructively interferes with seizure-induced aberrant network synchrony to disrupt seizure evolution. A few quantitative studies have shown that control of network synchronization prior to clinical onset may prevent seizure occurrence [22] . In addition, computational studies have investigated the effects of noise on coordinated neural activity and have shown that controlled noise inputs may disrupt neuronal oscillations and/or coordinated firing, particularly in single neuron models [8] , [23] , [36] , [41] , [42] , [62] .
II. METHODS
Stimulation-induced stochastic activity was modeled as an additive white or band-limited (colored) noise input. Brain dynamics were either measured by scalp EEGs, or simulated by a network of connected nodes, each corresponding to an ensemble of coupled neurons. Seizure-related changes in network coordination were quantified by information theoretic measures, previously shown to be specifically modulated by seizure precursors [48] . Ictal propagation parameters were directly estimated from EEG signals and were used for tuning the noise parameters. In all analyses, the following model was assumed for measurements at electrode (in the 10-20 clinical EEG system):
(1) (2) where is the time point(s) at which local and/or global network coordination exceeds a patient-specific threshold of baseline connectivity, possibly reflecting the transition from nonictal to preictal intervals, and is directly estimated from the EEG.
is the additive noise input that represents the stimulation, and is nonzero only at . Repeated stimulation may be required for seizure prevention, i.e., there may be multiple s estimated from the data. represents the spatial location of the 
A. Data
Continuous scalp EEGs were recorded at Beth Israel Deaconess Medical Center, Boston, MA, in the Clinical Neurophysiology Laboratory of the Comprehensive Epilepsy Center. These data were part of inpatient studies typically spanning several days. Six patients, age 24-37 years ( years) with diagnosed focal epilepsy and at least one seizure were included in the study. Table I summarizes patient demographics and data details.
The data were recorded with a standard international 10-20 EEG system (20 electrodes) and a referential montage (with channel Cz as reference) and were sampled at 500 Hz. Continuous recordings often include intervals where patients are disconnected from the recording system. These intervals were removed from the data prior to the analysis. Power-line noise was attenuated with a stopband filterbank, centered at the 60 Hz harmonics of the noise, in the range 60-250 Hz, with a 1-Hz bandwidth for center frequencies 150 Hz and a 2-Hz bandwidth for center frequencies 150 Hz. Third-order elliptical filters (20 dB attenuation in the stopband, 0.5 dB ripple in the passband) were used. Signals were filtered in both forward and reverse directions to eliminate potential phase distortions due to the nonlinear phase of the IIR filter. Artifacts associated with eye blinking and muscle movement were suppressed using a stopband-type matched filter [47] .
1) EEG Segment Selection:
A board-certified neurologist (B.S.C.) identified all ictal onset and offset times, according to standard clinical methods of visual EEG interpretation. For each patient and seizure, multiple ictal and corresponding preictal EEG segments were selected for analysis, ending at clinical onset and starting at the earlier time interval in which information measures of network coordination exceeded the nonictal (baseline) connectivity thresholds (Table II) . 2) For estimation of these thresholds, continuous nonictal segments at least 12 h removed from any ictal event were analyzed for each patient. These were typically 30-240 min long, and included both periods of wakefulness and sleep. Thus, a range of nonictal connectivity thresholds, rather than a single threshold, was estimated for each patient. Ictal segments were used to identify the primary propagation direction from estimated time delays. The data selection is summarized in Fig. 1 . 
B. Estimation of Network Coordination
Network interactions in the nonictal, preictal and ictal intervals were estimated using two information theoretic measures, conditional mutual information and interaction information. Information theoretic measures of network coordination may be more robust to noise in EEG signals than coherence and correlation measures, particularly at frequencies 100 Hz.
In a recent study, both parameters have been shown to be modulated by presumably preictal seizure-related activity at frequencies 100 Hz [48] . Thus, EEGs were separately low-and high-pass filtered with a frequency cutoff at 100 Hz, using a third order elliptical filter, as previously described. Both information measures were first estimated from nonictal EEGs, to establish corresponding connectivity thresholds, and then continuously in preictal intervals, to identify time points [ in the model in (2)] at which network interactions exceeded these thresholds. EEGs were then perturbed at these times. Information parameters were recalculated to assess the interference of noise with network connectivity.
Conditional mutual information: measures the reduction in the uncertainty of random variable due to the knowledge of random variable conditioned on a third process [14] (
where are joint/conditional probability density functions (pdf). In a previous study, we have shown that at frequencies 100 Hz, quantifiable changes in conditional mutual information between EEGs precede seizure onset [48] . This parameter has also been used to measure directional coupling between other electrophysiological signals [55] . Here, mutual information was conditioned on the global (spatially averaged) EEG cross-correlation, as a measure of global connectivity, i.e., at time interval with the length of the analysis window.
Interaction information:
, the difference between conditional and unconditioned mutual information, was also estimated. It has been shown that in the preictal interval, there is a quantifiable influence of the global connectivity "state" of the brain, measured by the mean cross correlation between EEGs, on pairwise interactions, measured by mutual information [48] (4) is the mutual information between and , and are marginal or joint pdfs, which are nonstationary given the variable dynamics of the EEG. The reliability of information theoretic measures depends on the estimation of these pdfs. All signals were first segmented according to the criterion of minimum description length (MDL) [10] . The optimum analysis window length was found to be 5 s. Although there are different ways of estimating the above pdfs, nonparametric approaches (here Gaussian kernel-based) are reliable and robust to noise [60] , [61] .
Nonictal mutual information and conditional information thresholds for each patient are summarized in Table II . Interaction information can take both positive and negative values, reflecting facilitation/enhancement and inhibition, respectively, of pairwise coordination by the conditioning process.
C. Estimation of Dominant EEG Frequencies
In addition to white noise, the effects of band-limited noise were also investigated. Although stimulation-induced stochastic activity may interfere destructively with seizure-related activity (preictal and/or ictal), another potential mechanism of stimulation-induced neuromodulation is stochastic resonance, a type of constructive interference that may lead to signal enhancement rather than degradation, and which is undesirable for suppression of seizure-related activity. Thus, band-limiting the noise signal, so as to avoid signal enhancement at the dominant frequencies of the EEG, was also examined. For each EEG signal, its dominant frequencies were estimated from the peaks of its short-time Fourier Transform, calculated using a 5-s sliding window. Peaks with power levels at least 5 dB higher than noise were selected. In general, 10-15 dominant EEG frequencies were estimated for each signal. Stopband filterbanks, with bands centered at these frequencies were then constructed, and Gaussian noise was filtered to obtain corresponding colored noise signals. 
D. Estimation of Seizure Propagation From EEG Time Delays
During seizure propagation scalp EEGs are contaminated by coupled arrivals from secondary or unrelated sources, with frequency content in the same range as seizure signals. Thus, these contributions need to be decomposed from the EEG, so that time delays may be estimated from the component associated with the primary propagation path. For stimulation purposes, i.e., not for source localization, an approximate estimate of the primary propagation direction may be sufficient. A simple way to decouple contributions to EEG signals from primary and secondary propagation paths is via principal component analysis (PCA). Although there may not be a one-to-one mapping between the number of propagation paths that contribute to EEG signals and the number of principal components, the first ictal principal component was assumed to correspond to the contribution of the primary propagation path. Following decomposition, ictal "events," i.e., waveforms from which delays were estimated, were identified using a square-law detector [16] , [28] . Delays were estimated using the approach in [29] . A detailed description of this process is beyond the scope of this study, but an example of time delays estimated from EEGs in the first 10 s of an ictal segment, using channel T3 as reference, is shown in Fig. 2 . In this example, the seizure is propagating from left temporal regions (possibly in the vicinity of channel T1, based on its earliest arrival and negative delay) to the right hemisphere, particularly channels T4, T6 and C4, F4, based on their large positive delays. In scalp EEG it is sometimes difficult to resolve shorter delays, e.g., here within the left hemisphere. Realistic time delays in the range of those obtained from patient EEGs were used to simulate progressively synchronizing networks.
E. Simulations 1) Network of Integrate-and-Fire (IF) Neuronal Ensembles:
A network of 20 nodes, each corresponding to an ensemble of 5000 leaky IF neurons with noise, were simulated to represent the global brain network sampled by scalp EEG. Neurons/ensembles were connected with delayed, i.e., time-varying connections (both excitatory and inhibitory synaptic conductances were included in the model, as described in [52] ). Time delays for neurons within individual nodes were in the range 0-20 ms. Time delays between nodes were in the range of estimated time delays between EEG signals at or right before ictal onset, in the range 0-4000 ms. The goal of these simulations was to describe ictal (rather than preictal) neurodynamics. Specifically, to simulate propagated activation in particular directions, the output voltage of one node was converted into current and used as an input (in addition to the synaptic input) to the next node in the direction of propagation. In previous studies it has been shown that in networks of I/F neurons (with no leakage) and delayed connections converge to phase locked oscillations [21] . Representative signals of scalp EEGs were obtained by averaging the voltages of all neurons for each node , i.e.,
. Although this may not be the optimum model of the epileptic brain during seizure evolution, given the diversity and complexity of seizure dynamics, it is a simple model that partially captures these dynamics and may be used to investigate external network perturbations [35] , [52] . Additive noise was introduced at specific time points in the simulation and distinct location(s), to assess the potential noise interference. In the model, the input resistance was assumed to be 5 M , the membrane time constant ms, and a distinct spiking threshold was assumed for each node, with mV. The power spectrum of a simulated EEG signal from this model, as the output of the ensemble of 5000 neurons at a single node, and corresponding spectrum of a real preictal EEG from one scalp electrode are superimposed in Fig. 3 . There is excellent agreement between the respective distributions of signal energy across frequencies in the two spectra (correlation coefficient ). 2) Additive Noise to Real Data: Scalp EEGs were contaminated by white or band-limited noise signals, at discrete time points prior to seizure onset and during the ictal interval. Noise was applied uniformly across channels, to simulate the very rapid propagation of the stimulation signal in the brain. As these were "offline" simulations on already collected data, it was impossible to assess the effects of stochastic interference on neural dynamics. Only relative effects at the time of perturbation could be measured. However, based on the underlying network connectivity, noise signals with different amplitudes and applied at different times, resulted in differential effects across the network. Although an external perturbation may target nonlinear interactions between neuronal ensembles, there is currently no clear consensus on the nonlinearity of these interactions prior to seizure onset. Also, it is unknown whether TMS/tDCS stimulation itself may be a linear or nonlinear external input, resulting in a linear or nonlinear perturbation of neural dynamics. Thus, given the uncertainty associated with these processes, linear addition of noise to real data allows us to assess at least potential first order effects of a stochastic perturbation on network coordination.
III. RESULTS
We investigated the effects of varying: 1) the noise amplitude proportionally to the maximum EEG amplitude; 2) temporal specificity of the perturbation on network connectivity measured by mutual information parameters; 3) spatial specificity in the direction of the primary seizure propagation path; and 4) band-limiting the noise.
A. Noise Perturbations of EEG Signals
Figs. 4 and 5 show the effects of time-specific noise addition on conditional mutual information (CMI) estimated from nonictal and preictal EEG signals, respectively, at frequencies 100 Hz (left plots) and 100 Hz (right plots). Both examples are from one patient (patient 4) with seizures originating in the left temporal lobe. CMI between channel T3 and all others is shown as a function of time, in these segments, 120 and 150 s long, respectively. Note that in the nonictal interval, neuronal networks may be weakly coupled, as reflected by low values of CMI particularly at high frequencies, but may spontaneously and transiently coordinate, typically at frequencies 80 Hz, as shown in Fig. 4 , at times 50-55 s, and 70-80 s. Following the addition of white noise at time s, with amplitude 10% of the maximum EEG amplitude, CMI decreased from 0.7 to 0. This is expected, as noise interference may abolish weak coupling between signals.
In contrast to its nonictal variation, preictal CMI at high frequencies was significantly higher with a distinct spatial structure, i.e., channel clusters (Fp1, F7, T7, F3, 01) and corresponding channels in the right hemisphere appeared to transiently synchronize with T3 but not with central and parietal channels. Similar results were obtained in other patients. At lower frequencies, CMI was higher only between individual channels, e.g., T3 and T5, and also T3 and P3, and bilaterally in frontal/temporal channels in the last 10-15 s of the interval, i.e., prior to clinical onset. In this example, noise amplitude was twice that of the EEG, and thus proportionally significantly higher than the amplitude of the nonictal perturbation, resulting in a comparable mean decrease in CMI. Thus higher network synchronization in the preictal interval may require the parameters of the noise to be adjusted accordingly, in order to decouple the network to its baseline level.
1) Variation of Noise Amplitude:
This was investigated both in preictal and ictal intervals. The time of perturbation was selected as the 5 s interval at which maximum mean pairwise CMI (averaged over all channels) exceeded the nonictal parameter ranges. Although in preictal intervals this time varied significantly between patients and segments, in ictal segments it was consistently in the first 20-30 s of the seizure. Simulations using five noise levels, at 10%, 50%, 100%, 200%, 400% of the maximum EEG amplitude at the time of interference were performed at both frequency ranges. Figs. 6 and 7 show preictal and ictal CMI and interaction information (II), prior to and following noise perturbation as a function of EEG channel, at frequencies 100 Hz (left plots) and 100 Hz (right plots). The results from all perturbations are superimposed (red: noise at 10% EEG amplitude, cyan: 50%, green: 100%, blue: 200%, black: 400%, and the black dashed curves correspond to the parameter variation prior to noise addition). The inter-and intra-patient variability of these measures at their respective times of perturbation are superimposed to averaged parameters (solid curves). Specifically, for each channel, CMI and II between that channel and all others were averaged, and these results were then averaged a second time over all patients/segments.
At frequencies 100 Hz, preictal CMI decreased significantly following noise addition, but differential changes due to distinct noise levels were statistically insignificant . At higher frequencies, despite increased CMI relative to its nonictal values, no significant noise perturbation effects were estimated, suggesting potentially complex high frequency network coordinations, which may not be interrupted by linear additive noise. Note that the distribution of CMI across channels appeared spatially specific in this frequency range, with left and right temporal channels being significantly more synchronized than central and parietal (all patients had temporal lobe seizures). High-frequency activity has been associated with both the epileptogenic zone and seizure activity in general, e.g., [2] , [27] , [31] , among many others. Finally, interaction information appeared unaffected by noise addition in both frequency ranges . Corresponding ictal information parameters were also estimated. Increased network coordination across the EEG spectrum have been consistently observed in this interval. At low frequencies, CMI decreased significantly following noise addition irrespective of its amplitude. At high frequencies, increasing the noise amplitude resulted in progressively decreased CMI. However, despite significant differences in mean CMI between unperturbed and highly perturbed signals (with noise amplitude 100%-400% of the EEG), due to significant inter-patient variability, statistical significance could not be established. Noise-induced changes in interaction information were also insignificant in both frequency ranges across channels, irrespective of propagation path and the noise level. These results indicate that simple noise addition during ictal evolution may be insufficient to disrupt seizure propagation at high frequencies, but effectively affects lower frequency network interactions. Network simulations using the IF neuronal model were also performed, to assess the effect of noise interference on ongoing seizures.
2) Variation of Noise Bandwidth: No differential effects on network interactions were estimated when noise was stopbandfiltered at the fundamental EEG frequencies, or high-pass filtered at 100 Hz. Statistical significant network perturbations were observed at lower frequencies when noise was low-pass filtered at those frequencies. The results corresponding to preictal signals are summarized in Fig. 8 . In all cases, the noise amplitude was 400% of the EEG amplitude. Both white and low-passed noise decreased CMI at frequencies 100 Hz but not at high frequencies. Perturbations with high-frequency noise resulted in no changes in CMI irrespective of the frequency range.
B. Neurodynamic Perturbations in Network Simulations
We simulated two ictal propagation scenarios, one in which propagation was limited to a small subnetwork, and the other where propagation spread to a large part of the network. In both cases, CMI was used to quantify internode synchronization. The analysis focused on CMI estimates at 100 Hz, since measurable effects of additive noise were found in real EEG perturbations in this frequency range. Furthermore, abnormally coordinated networks in the ictal interval at frequencies 100 Hz, induced by seizure propagation, have been reported in many studies. Figs. 9 and 10 show two examples of a small and a large network, perturbed with white noise at different times and nodes. Internode CMI, averaged over time is shown. In both cases, network dynamics were simulated for 120 s, and additive noise with the same maximum amplitude (5 nA) and duration (500-1000 ms) was used to perturb the network.
When noise was added to the network at s, it enhanced synchronization between connected nodes, an example of constructive interference, possibly due to the timing of the perturbation early in the evolution of network dynamics. The same noise signal was used to perturb the network at 20 and 50 s, at the same location. Network interactions decreased at 20 s but pairwise CMI between adjacent nodes (2-3, 3-4, 4-5, 5-6) remained high. However, at 50 s, CMI decreased significantly, to the range of baseline values for weakly coupled nodes (with the exception of node pair 5-6).
Similarly, noise addition to the larger network at s increased the rate of network coordination and absolute CMI, whereas interference at 50 s resulted in decreased coordination, with the exception of pairs of adjacent nodes (2-3,  3-4, 15-16 ). In this particular example, no single perturbation caused the network to return to its baseline of weakly coupled nodes. Furthermore, noise addition at 50 s but at node 16, i.e., outside the subnetwork involved in primary propagation, resulted only in a uniform increase of the overall CMI, and thus correlation, in adjacent nodes. Thus, only spatio-temporally specific additive white noise resulted in a destructive interference with propagation-induced network coordination. Band-limiting the noise did not change the results significantly.
Finally, we also examined the frequency of noise perturbation. Fig. 11 shows an example of a network, where propagation is restricted to the first nine nodes (top left panel) and to which white noise (with the same parameters as before) was added at different frequencies: every 10 s at node 5 for the entire duration of the simulation (top right panel), every 20 s (bottom left panel) and every 500 ms in the first 5 s of the simulation (bottom right panel). In the first case, the subnetwork was almost completely decoupled , in the second case propagation appeared to be interrupted and network coordination decreased significantly, but in the last case of high frequency, short-duration early interference, network coupling was enhanced, as in the previous two examples. These results suggest that the time, frequency and location of noise application need to be carefully selected for destructive interfere with network synchronization, rather than facilitation.
IV. DISCUSSION
We have modeled stochastic interference, one of potentially several effects of brain stimulation, as a noise perturbation to neuronal dynamics. We have used simulations both with real EEG and model-based data to assess the effects of variable amplitude, time, frequency, and location of noise interference on conditional mutual information and interaction information, both measures of network coordination. In the case of real EEG, simulations were performed offline and thus changes in network interactions could be estimated only at the time of interference. To investigate the online effect of noise interference on network dynamics, a network of leaky integrate and fire neuronal ensembles was simulated with time-varying (delayed) connections, to describe neuronal propagation. Although both seizure neurodynamics and the neuromodulatory effects of brain stimulation are not completely understood, and thus it may not be possible to develop optimal models for either, this study used simplified models to: 1) test the hypothesis of destructive interference of noise with a propagating network and 2) assess the effects of variable noise on network coordination. The results from this study provide important insights into stochastic neuronal interference, a potentially important neuromodulatory mechanism of noninvasive stimulation, which has been previously suggested but remains relatively unexplored.
Noise perturbations of real EEG showed that nonictal networks may be decoupled by introducing low-amplitude noise. Similarly, at frequencies 100 Hz, preictal and ictal network coordination at the time of noise application decreased significantly and uniformly across channels. In contrast, perturbation of high-frequency preictal and ictal EEGs resulted in insignificant changes in network coordination, suggesting that linear additive noise may not be an appropriate perturbation to disrupt seizure-induced neural synchrony at high-frequencies. Therefore, additive stimulation-induced stochastic interference may interrupt aberrant neural synchrony at seizure onset or during propagation, but a different stimulation interference is necessary to disrupt preictally coordinated networks, particularly at high frequencies. Band-limiting the noise had no distinct effects on network perturbations from those induced by white noise.
In simulations, noise was introduced to IF subnetworks of different size to represent partial (limited) propagation versus seizures spreading to large areas of the brain. Irrespective of the size of the network, very early noise interference had a constructive rather than destructive effect, resulting in increasingly synchronized networks. This may be due to noise becoming coupled to local neuronal activity. Stochastic interference at later intervals significantly decreased network coupling, although in larger networks synchronization between pairs of adjacent nodes remained high. Evidently the dynamics of real seizures may be faster than these simulated networks, and thus stimulation in the first few seconds of a seizure may correspond to the partial network evolution observed at 50 s in simulations. Stimulation at nodes outside the subnetwork where propagation occurred had no effect on that network, but only increased local interactions in the neighborhood of the perturbed node. Finally, the frequency of the interference was also investigated. Sustained noise perturbations every 10-25 s resulted in significant decoupling between nodes. In contrast, noise perturbations at 500 ms intervals early in the simulation resulted in increased network coupling.
These results demonstrate that it is possible to optimize stimulation parameters when the targeted mechanism of neuromodulation is stochastic interference rather than decreased/increased excitation/inhibition during seizure propagation, which may be more difficult to trigger. Optimization of these parameters needs to be guided by patient specific neurodynamics measured by noninvasive recordings. EEG-based source localization is limited by the spatial resolution of these recordings ( 2-4 cm between adjacent electrodes in the clinical 10-20 EEG system). Consequently, the error in source localization and corresponding error in the direction of propagation may be in the range 1-2 cm. Currently, the resolution of noninvasive stimulation such as TMS is also of the same order ( 7 mm to several cm), depending on the shape of the magnetic coil. Therefore, current stimulation protocols may not be able to target the source location with greater precision. Nevertheless, the resolution of noninvasive stimulation allows it to target seizure propagation, rather than source localization, with sufficient precision to destructively interfere with rapidly spreading seizure activity in large areas of the brain. Results from this study indicate that the spatio-temporal specificity and frequency of the stimulation, rather than just precise knowledge of the source location, are critical for destructively interfering with aberrant network coordination. Evidently these results need to be validated via experimental studies of EEG-guided stimulation, to assess the effects of noninvasive stimulation, which may not be just uniformly added white noise, and may also be modulated by the presence of the skull and scalp and the electrical/anatomical anisotropy of the brain. Nevertheless, this study provides important insights into the effects of noise on neuronal propagation and coordination, as well an approach for tuning the stimulation parameters according to neurophysiological information.
